This paper describes our participation in BUCC 2017 shared task: identifying parallel sentences in comparable corpora. Our goal is to leverage continuous vector representations and distributional semantics with a minimal use of external preprocessing and postprocessing tools. We report experiments that were conducted after transmitting our results.
Introduction
Traditional approaches for parallel sentence identification from comparable corpora rely on machine learning models with the use of features measured by statistical machine translation (SMT) systems. Munteanu and Marcu (2005) present how to extract parallel sentences from newspaper articles using general and alignment features to train a binary maximum entropy classifier. AbdulRauf and Schwenk (2009) use an SMT-based system on comparable corpora to translate the source language side to detect corresponding parallel sentences on the target language side. While continuous vector representations of words and sentences estimated by neural language models and neural networks (Bengio et al., 2003; Collobert and Weston, 2008) have been successfully applied to a variety of natural language processing tasks, ranging from handwriting generation (Graves, 2013) to machine translation (Sutskever et al., 2014) , few efforts have been devoted to parallel sentence identification. Ferrero et al. (2017) successfully use word embeddings for cross-language plagiarism detection, which can be considered a similar task to ours.
The primary objective of our proposed approach is to assess whether we are able to identify parallel sentences using a scalable and flexible method by relying on recent advances in neural language modeling and deep learning architectures to eliminate the need for any domain specific feature engineering. We want to evaluate the feasibility of a model learnt from distributional semantics alone in a "pure" setting by using as few external tools as possible. Our approach can be considered as a first attempt to accomplish the proposed task using a deep learning framework. Our aim is not to attain state-of-the-art performance, but to open interesting directions to enable researchers to advance research with this important task.
In fact, in the following sections we report the approach of our two-day effort to participate on this year's shared task. Due to the short limit of time, we used models pretrained on a standard parallel corpus. The details of our approach will be described elsewhere. In this paper we report what we learned so far and few experiments that were conducted after submitting our results.
Approach

Model
Our model architecture is a bidirectional recurrent neural network with gated recurrent units (Bi-GRU) (Cho et al., 2014) built for both the source language and target language sentences. The Bi-GRU encodes each sentence in both directions to generate two continuous vector representation of the sentence, − → h i and ← − h i . The forward network processes the input sentence and updates its recurrent state from the first token until the last one. The backward network processes the input sentence in reverse direction. The concatenation of the final recurrent state in both directions is the sentence representation
Once both source and target sentence representations have been encoded, h S i and h T i , we measure the semantic similarity between the two sentences to estimate the probability that they are par-allel:
where M and b are model parameters, σ is the sigmoid function, y i = 1 if the sentence pair is parallel and y i = 0 otherwise. The model outputs a positive instance if a sentence pair gets a probability score higher than a decision threshold λ:
We train our model by minimizing the cross entropy of our labeled sentence pairs (x S i , x T i , y i ) that we feed in our BiGRU, where
) is a source sentence and
) is a target sentence. w S i,t and w T i,t are the continuous word representation (word embeddings) of the words in the source and target sentences, respectively. We use a parallel corpus made of N parallel sentence pairs (x S i , x T i ), for i ∈ {1, . . . , N }. For every pair of parallel sentences we add negative examples by randomly selecting 5 negative sentence pairs (
Candidate filtering
Very often, identifying parallel sentences in comparable corpora is an extremely unbalanced classification task because the number of sentence pairs to be examined is potentially the Cartesian product between sentence pairs in the corpora. This is not an issue for small comparable corpora, e.g. two Wikipedia articles. However, in our case we are given two monolingual corpora of approximately 370,000 and 270,000 sentences, for a potential of 9.99e10 pairs of sentences to evaluate. To reduce the size and the noise of the candidate sentence pairs, traditional approaches apply candidate filters such as sentence length ratio, bilingual dictionary word overlap, word alignment conditions from SMT and information retrieval systems (Resnik and Smith, 2003; Munteanu and Marcu, 2005; Abdul-Rauf and Schwenk, 2009) .
Following our idea to evaluate the feasibility of an approach using only distributional representations, for each sentence we learned its continuous vector representation and created our set of candidate sentence pairs by using the n-best cosine similarity score between each source sentence and every target sentences. Since we are working with vector representations, doing the Cartesian product is tractable. To estimate the vector representation of each sentence, s S i and s T i , we employ a distributional bag-of-words approach where word embeddings have been mapped to a shared vector space, i.e. cross-lingual word embeddings (Gouws et al., 2015) . The sentence representation is the normalized sum over the word embeddings present in it:
3 Experiments
In this section we present experiments that were conducted after the submission of our results. First, we describe the resources used to perform the shared task, the training settings and the evaluation metrics.
Dataset
We only participated to the f r-en language pair, making use only of our models pretrained on the Europarl v7 English to French parallel corpus from WMT'15 1 . To create our training set, 500K parallel sentence pairs are randomly selected. The vocabulary sizes range between 103K to 119K for English and 126K to 140K for French depending on the digit preprocessing method (see Section 4.2). We tokenize the dataset with the scripts from Moses 2 and all words are lowercased. Empty sentence pairs are removed. For the shared task, we replaced all digits with 0 (e.g. 1982→0000).
Training settings
We use TensorFlow 3 (Abadi et al., 2016) to train our models. The dimension of the BiGRU recurrent state is 200 in each direction with word embeddings of dimension 300. We train our models using a mini-batch size of 128 and Adam optimizer (Kingma and Ba, 2014) with a learning rate of 2e-4 for a total of 10 epochs. We augment our training examples with new negative examples by sampling 5 negative sentence pairs for each parallel sentence pair. We apply gradient clipping to a value of 5.
Cross-lingual word embeddings used for candidate filtering are trained for 10 epochs with the BilBOWA toolkit 4 (Gouws et al., 2015) by using the 2M sentence pairs of Europarl both as monolingual and parallel training data. We use the default parameters with word embedding dimension of 300 and a subsampling rate of value 1e-4.
Evaluation metrics
For the evaluation of our models we present the precision, recall and F 1 scores as mentioned on the shared task website 5 .
Details
Candidate filtering To obtain our candidate sentence pairs we apply our n-best cosine similarity filter as described in Section 2.2. For the shared task we applied the filter on the shared task test set, but for the experiment reported here we applied it to the shared task training set. A low n value will result in fewer candidate sentence pairs to evaluate and can be detrimental to the recall score. On the other hand, a high value can lead to an undesirable number of candidate sentence pairs and potentially a lower precision score due to a higher number of false positive examples. We evaluate the loss of parallel sentences in the training set with respect to the value of n. Digits preprocessing While observing our system's outputs during the shared task we noticed a substantial number of false positive examples due to digits being replaced to 0. Consequently, we analyze our approach by measuring the impact of the following preprocessing choices for training and evaluating our model: (i) keep digits; (ii) replace digits to 0; (iii) remove digits. For this experiment we create validation sets by using the 9,086 pairs of parallel sentences from the shared task training set and adding 50M randomly selected negative sentence pairs. Hence, 0.018% of the sentence pairs are considered parallel. Model evaluation Whereas in the previous experiment we report results on experimental noisy validation sets matching the optimal decision threshold λ, in this experiment we evaluate our approach in a real inference setting on the shared task training set using a 40-best cosine similarity filter and a fixed λ value of 0.99. Table 1 : Parallel sentences found from the n-best cosine similarity filter. The ∆ columns are the percentage increase in number of parallel sentences found and candidate sentence pairs.
Results
Candidate filtering
In Table 1 we present the information regarding the number of parallel sentences and number of candidate sentence pairs obtained by augmenting the value of n for our candidate filtering method described in 2.2. We see that our cosine similarity filter is able to capture most of the parallel sentence pairs, even for low n values. For n = 1, we are surprised to see that such a simple approach using pretrained cross-lingual word embeddings on the Europarl dataset is able to capture 75.84% of the parallel sentence pairs found in the shared task training set. By looking at the ∆ columns, we anticipate that there is a precision-recall trade-off by increasing n. For example, if we increase from a 30-best to a 40-best filter, we increase the recall score at most by 0.94%. On the other hand, we augment the number of candidate sentence pairs to evaluate by 33.33%, increasing the risk of false positive examples and a lower precision score. For the shared task we naively used n = 100.
Digits preprocessing
In this experiment we trained two new models on Europarl; by keeping or removing digits. In Table 2 we report the precision, recall and F 1 scores for our three different approaches evaluated on validation sets made of the 9,086 parallel sentences and 50M randomly selected sentences from the shared task training set. The precision-recall curves with respect to different decision threshold values λ are reported in Figure 1 . We observe that Table 2 : Performance of our models trained on Europarl with three different digits preprocessing method and evaluated on our validation sets made from the shared task training set.
Figure 1: Precision-Recall curve for our models trained on Europarl with three different digits preprocessing method and evaluated on our validation sets made from the shared task training set.
naively replacing the digits to 0, as we did for the shared task, is actually the worst option.
Model evaluation
Equipped with a filter that seems to work well and a better model trained on a parallel corpus with digits, we expect to obtain a performance in the range of those presented in Section 4.2. Unfortunately for us, it is not the case. Table 3 presents the results we obtained by using our model trained on Europarl with digits, using the 40-best list and λ = 0.99. One may wonder what happened to our surprisingly low precision score. The problem arises from a combination of how the model is trained on negative examples and how we filtered our candidate sentence pairs. Since our model outputs a positive instance for two sentences sharing an high level of semantic similarity, by filtering the 40 nearest target sentences for each source sentence, we created a pool of candidate sentence pairs that our model outputted as positive most of the time. That being said, those sentence pairs still exist in the Cartesian product of the training set. Thus, the proposed training procedure adding neg- Table 3 : Performance of our models trained on Europarl with digits using the 40-best cosine similarity filter.
ative examples randomly selected from the training set is definitely not adequate and needs to be replaced by a more effective procedure. For future work, instead of random sampling, we propose to apply the n-best cosine similarity filter on our model's training set in a way to select negative examples from the n-best list to train it. A postprocessing step could also be useful.
Discussion
The idea toward an end-to-end sentence driven approach using deep neural networks for parallel sentence identification is compelling. However, there is much room for improvement. We presented that our initial approach learned on distributional semantics alone has weak points that need to be addressed. With its current architecture and setting, the main issue is the low precision score due to the large amount of false positive examples our system outputs, acting more as a quasiparallel sentences extractor. The source of this issue comes from the random sampling procedure used to add negative examples to the training set. We have seen that even for a low value n, our simple distributional bag-of-words n-best filter is capable of capturing most parallel sentences found in the comparable corpora, leading to a potentially good recall score. A promising next step would be to use the same n-best filter on our training set and to select negative examples from the n-best list to train our model. We anticipate that selecting negative examples that are similar to the source sentence will allow our approach to capture finer semantic granularities and to have a better precision score. Furthermore, a model trained on negative examples of higher quality should allow us to use a lower optimal decision threshold λ, which increases the recall score.
